Population studies of brain function with resting-state functional magnetic resonance imaging (rsfMRI) rely on accurate intersubject registration of functional areas. This is typically achieved through registration using high-resolution structural images with more spatial details and better tissue contrast. However, accumulating evidence has suggested that such strategy cannot align functional regions well because functional areas are not necessarily consistent with anatomical structures. To alleviate this problem, a number of registration algorithms based directly on rs-fMRI data have been developed, most of which utilize functional connectivity (FC) features for registration. However, most of these methods usually extract functional features only from the thin and highly curved cortical grey matter (GM), posing great challenges to accurate estimation of wholebrain deformation fields. In this article, we demonstrate that additional useful functional features can also be extracted from the whole brain, not restricted to the GM, particularly the white-matter (WM), for improving the overall functional registration. Specifically, we quantify local anisotropic correlation patterns of the blood oxygenation level-dependent (BOLD) signals using tissue-specific patch-based functional correlation tensors (ts-PFCTs) in both GM and WM. Functional registration is then performed by integrating the features from different tissues using the multi-channel large deformation diffeomorphic metric mapping (mLDDMM) algorithm. Experimental results show that our method achieves superior functional registration performance, compared with conventional registration methods. 
. This approach is useful for exploring the distinct patterns of synchronous brain activity when the brain is at rest (Wang et al., 2015) . Furthermore, differences in resting-state networks between healthy and patient cohorts have been regarded as potential biomarkers that could be valuable for clinical studies (Filippini et al., 2009; Greicius, Srivastava, Reiss, & Menon, 2004) .
Accurate intersubject registration is a key to improve the statistical power in group comparison using rs-fMRI data. Typically, intersubject registration of rs-fMRI is often achieved through structural alignment with the help of the corresponding T1-weighted MR images (Ashburner and Friston, 2005) , the tissue probability maps obtained by segmentation (Ashburner, 2007) or more sophisticated diffeomorphic mapping (Xue et al., 2004 (Xue et al., , 2006a Xue et al., 2006c) .
However, recent studies (Cetin et al., 2015; Conroy, Singer, Haxby, & Ramadge, 2009; Conroy, Singer, Guntupalli, Ramadge, & Haxby, 2013; Jiang, Du, Cheng, Jiang, & Fan, 2013; Khullar et al., 2011; Langs, Tie, Rigolo, Golby, & Golland, 2010; Sabuncu et al., 2010) have demonstrated that structural alignment does not necessarily ensure functional alignment, since functional regions are not confined by anatomical boundaries. Recently, attempts have been made to directly employ fMRI data for functional registration (Cetin et al., 2015; Conroy et al., 2009 Conroy et al., , 2013 Jiang et al., 2013; Khullar et al., 2011; Langs et al., 2010; Sabuncu et al., 2010) . For task-related fMRI, functional registration can be achieved by maximizing the taskspecific BOLD signal correlation across subjects (Sabuncu et al., 2010) . However, this approach cannot be applied to rs-fMRI due to the lack of task-related activation (Cole, Smith, & Beckmann, 2010) .
In Conroy et al. (2009) , Conroy et al. (2013) , Jiang et al. (2013) , and Langs et al. (2010) , functional alignment is performed with the help of functional connectivity (FC) computed as Pearson's correlation coefficient between the functional MRI time series of a pair of voxels. FC-based registration can be divided into two categories: (a) long-range FC, which is based on the FC for each pair of cortical nodes (Conroy et al., 2009 (Conroy et al., , 2013 , and (b) short-range FC, which is based on FC in local neighborhoods. Short-range FC registration (Jiang et al., 2013) has been shown to improve the alignment of cortical grey matter (GM). Connectivity features extracted via spectral embedding was proposed in (Langs et al., 2010; Nenning et al., 2017) . Robinson et al. (2014) introduced a flexible framework for multi-modal surface matching, which also offers the possibility of incorporating functional features. However, all the above methods focus only on voxels in the thin and highly curved cortical GM, posing challenges in estimating whole-brain deformations. Specially, this can potentially cause significant registration errors in white matter (WM), which will in turn affect the registration of cortical GM.
To improve registration, a natural solution is to consider functional information not only in GM regions but also in WM regions.
Neuroimaging studies typically consider WM as unaffected by metabolic states. However, culminating evidence has demonstrated the existence of WM BOLD signals (Ding et al., 2013 (Ding et al., , 2016 Gawryluk, Mazerolle, & D'Arcy, 2014; Greicius, Supekar, Menon, & Dougherty, 2009; Honey et al., 2009; Marussich, Lu, Wen, & Liu, 2017; Mazerolle et al., 2010; Quigley et al., 2003; van den Heuvel and Pol, 2010; Weber, Fouad, Burger, & Buck, 2002) . For example, fMRI activation was observed in the corpus callosum during interhemispheric transfer tasks (Mazerolle et al., 2010; Quigley et al., 2003) and in internal capsule during a swallowing task (Mosier, Liu, Maldjian, Shah, & Modi, 1999 ) and a finger-tapping task (Gawryluk, Mazerolle, Brewer, Beyea, & D'Arcy, 2011) . This arises from the fact that information transfer in WM involves energy generated via glucose metabolism, which is tightly coupled with regional cerebral blood flow (CBF) (Weber et al., 2002) . However, WM BOLD signal has lower signalto-noise ratio (SNR) than GM, that is, by a factor of around onefourth. Furthermore, it is challenging to extract valuable functional information from the WM in the absence of task-evoked activation and in the unconstrained state typically in the rs-fMRI studies. It has been suggested that, compared with long-range FC (Mazerolle et al., 2010; Quigley et al., 2003) , short-range or local FC in the WM is more robust due to substantially reduced signal-to-noise ratio (SNR) of the WM BOLD signals. More importantly, recent works have proposed an effective way to measure and extract such local WM functional information via functional correlation tensors (FCTs) (Ding et al., 2013 (Ding et al., , 2016 , which is computed by considering the FC between each voxel and its adjacent voxels (Ding et al., 2013 (Ding et al., , 2016 .
Interestingly, the directions of the FCTs were found to be consistent with the underlying WM fiber orientations (Ding et al., 2016) . Several studies have provided additional support for the functional character of WM BOLD signal. For example, Wu et al. (2017) demonstrated that BOLD signal in WM is detectable and is correlated with neural activities. In Marussich et al. (2017) , independent component analysis (ICA) and hierarchical clustering were used to demonstrate the existence of clusters of correlated activity within the WM. They reported that connectivity changes occurred when subjects passively watched movies compared with resting state in WM clusters in the occipital lobe. A recently published study (Peer, Nitzan, Bick, Levin, & Arzy, 2017) demonstrated that WM manifested intrinsic functional organization as interacting networks of functional modules, similar to GM.
In this article, we propose a novel functional registration algorithm that utilizes functional information from both GM and WM.
The contribution of this article is threefold. First, we introduce noiserobust patch-based FCTs (PFCTs) for quantifying local functional correlation. Second, we extend PFCTs to tissue-specific PFCTs (tsPFCTs) to adapt to the different characteristics of BOLD signals in GM and WM. Third, a multi-channel Large Deformation Diffeomorphic Metric Mapping algorithm (mLDDMM) (Zhang, Niethammer, Shen, & Yap, 2014 ) is employed to utilize the complementary information provided by ts-PFCTs for accurate registration. Experimental results indicate that, compared with traditional methods, our method improves statistical power in group analysis of various brain functional networks. Importantly, although this paper focuses on registration of rs-fMRI data, our method can be easily applied to task-related fMRI-based functional registration, making our method more powerful towards better understanding of human brain function. The code for ts-PFCTs construction can be obtained via https://github.com/ zyjshmily/ts-PFCTs.
| M A TE RI A L S A ND M E TH ODS

| Method overview
Our goal is to achieve functional alignment of rs-fMRI data using ts-PFCT features with mLDDMM. The proposed registration algorithm consists of two components: (1) Feature extraction-Construction of ts-PFCTs in a patch-based manner with separate characterizations of functional correlation in GM and WM. We first introduce the definition of FCTs in Section 2.2.1 and then extend it to PFCTs in Section 2.2.2.
(2) Intersubject registration-Estimation of the deformation field based on ts-PFCTs using mLDDMM (Section 2.3). Figure 1 gives an overview of our proposed method.
2.2 | Tissue-specific patch-based functional correlation tensors (PFCTs) 2.2.1 | Functional correlation tensors (FCTs) FC is defined as the temporal synchronization of the rs-fMRI BOLD signals of two brain voxels or regions. GM FC has been employed for registration of rs-fMRI data in a number of studies (Conroy et al., 2009 (Conroy et al., , 2013 Jiang et al., 2013; Langs et al., 2010) , but WM FC is often neglected. We use the anisotropic short-range FC, characterized by PFCTs of both GM and WM tissues, for registration. As shown in (Ding et al., 2013 (Ding et al., , 2016 , functional tasks cause changes in the FCTs, suggesting the BOLD effects may be driven by neural activities along fiber tracts. In the following, we first introduce the original FCT formulation and then show how it can be extended using a patch-based approach for multiple tissue types.
Local FC pattern:
The FC between a voxel and its neighboring voxels can vary anisotropically. Figure 2a 
Functional correlation tensor (FCT):
To represent the local FC pattern in 2D, a symmetric tensor T 2 3 2 with three free parameters can be adopted (Figure 2c ). The shape of this tensor is determined by the two major axes k 1 and k 2 . On the other hand, for the real fMRI data residing in 3D space, the local FC pattern is represented using a 3D tensor, which is a 3 3 3 symmetric matrix T 3 3 3 corresponding to an ellipsoid with three orthogonal axes. The FCT T i for voxel i is expressed as follows: U ij is the dyadic tensor representing the directional vector u ij 5 u ij;x ; u ij;y ; u ij;z Â Ã T (Basser and Pajevic, 2000) : values (see C ij in Figure 3b ). The directional vector for the C ij is from the center of patch i to the center of neighboring patch j (see the green arrow in Figure 3a ). The corresponding tensor computed using patches is called the patch-based FCT (PFCT).
Tissue-specific strategy: FCT was calculated in (Ding et al., 2013 (Ding et al., , 2016 Finally, we construct the ts-PFCTs T Ã i on voxel i by weighting the dyadic tensor U ij with the patch-based FC C ij and tissue-specific probability p Ã j ( Figure 3c ). Of note, this computation is mathematically similar to the diffusion tensor construction based on diffusion weighted MRI, with the directional vectors similar to the directions of the diffusion-encoding gradients, and also the product of the patch-based FC and tissue probability similar to the diffusion weight to each gradient. The ts-PFCT calculation for voxel i can be rewritten as 
| Multi-channel LDDMM (mLDDMM) registration
GM and WM FC features are used for multi-channel registration: 6 channels using the 6 free parameters of the GM PFCTs T GM i and another 6 channels using the 6 free parameters of the WM PFCTs
. Given a 12-channel feature map T R as the reference and another one T S as the source, our goal is to determine a reasonably smooth deformation field / that minimizes the differences between T R and T S by minimizing the energy functional E / ð Þ (Zhang et al., 2014) :
where
Þmeasures the similarity between T R and T S / ð Þ.
Here, T S / ð Þ is the source image warped with the displacements /. R / ð Þ is the regularization term, where multi-Gaussian kernels are used to achieve the desired smoothness and the diffeomorphic deformation field in (Zhang et al., 2014) . r is the tuning parameter that balances the similarity term
We construct a ts-PFCT template in the Montreal Neurological Institute (MNI) space. First, the mean rs-fMRI image of each subject is warped to the EPI template in the MNI space using a standard SPMbased spatial registration algorithm (with both affine and nonlinear transformations). With the above deformation fields estimated from traditional structural-based method, the ts-PFCT fields of the subjects are warped to the MNI space. The ts-PFCTs in MNI spaces are then averaged to produce an initial template of the 12 ts-PFCT feature maps. Of note, here we use the traditional registration only aiming to generate a ts-PFCT template. With the source ts-PFCTs for each subject and the above reference, we can register all fMRI data to a common space as described in Figure 1 . We assume that the directions of the ts-PFCTs remain relatively unchanged in a small number of LDDMM iterations (n 5 10), and update ts-PFCTs when n iterations are completed:
1. Run LDDMM for n iterations;
2. Warp rs-fMRI time series using the resulting deformation field and recompute the ts-PFCTs for each subject and the ts-PFCTs template;
3. Repeat the above steps N times.
Setting N 5 4 is found to be sufficient for convergence. In this way, tensors can be gradually reoriented and updated during the registration.
| EX PE R IM E N TS A N D R E SU LTS
| Materials and data preprocessing
Three different datasets were used for our experiments. . For accurate feature extraction, head motion regression for rs-fMRI data was performed using the Friston 24-Parameter Model. WM signal regression was not performed since the WM signal will be used for ts-PFCT computation. Spatial smoothing was not applied (Jiang et al., 2013) .
The experiments were conducted on a MacBook Pro with i7 CPU operating at 2.7 GHz with 16 GB RAM. Registration of each subject using the proposed method takes about 30 min. For SPM_EPI and SPM_T1, the registration can be done within 1 min. For SPM_TPM and DARTEL, the registration takes a little bit longer, that is, about 3 and 17 min, respectively, due to the segmentation of T1 MR images.
| Validation 3.2.1 | Resting-state fMRI
To demonstrate the effectiveness of our method, we compared it with three commonly used registration techniques that are implemented in 3. Registration based on the tissue probability maps derived from T1
MR image segmentation (SPM_TPM) (Ashburner and Friston, 2005) .
In addition to the above three methods, we also compare our result with a recently proposed functional registration method that uses only the GM local FC (Jiang et al., 2013) , which represents the state of the art methods. To facilitate the comparison, we used the same dataset as that used in (Jiang et al., 2013) .
As there is no gold standard for direct evaluation of the functional registration performance, the group-level statistical maps of restingstate brain functional networks are used as surrogates for validation.
FIG URE 4
The group t maps of four networks with t > 2.54 (p < .01) after registration by (a) SPM using the mean image of fMRI, (b) SPM using tissue probability maps, (c) SPM using T1 MR images, and (d) our proposed method. The threshold is set to t > 2.54 (p < .01). Zoom-in views are also shown in the bottom of this figure [Color figure can be viewed at wileyonlinelibrary.com] Metrics similar to those in (Jiang et al., 2013) were used for evaluating the intersubject functional consistency given by the different fMRI registration algorithms:
1. Peak values of t maps and the total number of suprathreshold voxels: Voxel-wise one sample t test was applied to four networks across all 20 subjects. Higher t value indicates higher functional consistency. Given a threshold, binary maps of supra-threshold voxels can also be obtained.
2. Spatial overlap between subject-specific networks and group networks: After transforming t map to z map, subject-specific networks and group networks are obtained (by averaging binary maps of all subjects). A number of binary maps are obtained via thresholding. The overlap between each subject-specific binary map and the group binary map is computed using the Dice score.
Intersubject component correlation:
The correlation (0-1) of specific networks is evaluated across subjects.
| Task fMRI
The parameters of rigid-body realignment of each EC subject in to the EPI template were first estimated and then applied on both EC and EO datasets. Nonlinear registration was then performed using SPM_EPI, SPM_T1, SPM_TPM, and our proposed method.
To assess the alignment of functionally homologous regions, we employed two widely used rs-fMRI metrics: (a) regional homogeneity 
| eMCI-NC classifications
The eMCI-NC classification was performed according to the classification pipeline 6 described in Qiao et al. (2016) . For each subject, the mean rsfMRI signals extracted from 90 ROIs defined by the Automated Anatomical Labeling (AAL) template (Tzourio-Mazoyer et al., 2002) were utilized to construct brain functional networks using Pearson's Correlation. For feature selection, we used a two-sample t test (p < .01) to select features that discriminate eMCI and NC subjects in the training data. The same set of features was selected for the testing data. After feature selection, we employ a linear SVM (Chang and Lin, 2011) , with the default cost parameter c 5 1, for classification. A leave-one-out cross-validation (LOOCV) strategy is adopted to verify the classification performance. and (b) t > 4.997 (p < 4e-5, uncorrected). In Figure 5 , although CEN shows negative gain compared with the registration using the mean fMRI image, the relatively large improvements in DMN, VN, and SM can be observed. If using a more stringent threshold (t > 4.997), the suprathreshold voxel number in CEN for our method is also the largest in addition to the other three networks.
We also compared several major components in DMN. In Table   2 , functionally connected voxels in the mPFC, LAG, and RAG.
Overall, more significant voxels can be found in DMN, especially at the PCC.
2. Spatial overlap between subject-specific networks and group networks Figure 7 shows the individual versus group overlap for four networks with different thresholds. Our proposed method improves the performance as seen from the large positive change in a number of overlap percentages over different thresholds. For DMN, the overlap of the proposed method starts to decrease after t > 1.7, whereas other methods start declining after t > 0.5. Similarly, such a threshold-dependent overlap curve was observed in the VN, for which the maximum overlap for our method is at t > 1.5. For the SM and CEN, the overlap gradually decreases for all methods, but our method decreases slower.
Intersubject component correlation
When measured by intersubject cross-correlation, our method still shows superior performance over the other methods (Figure 8 ).
Specifically, our method gives the largest intersubject similarity for all the four networks (Table 3) .
For comparison based on the t map, our proposed method gives better results compared with the structural registration methods for all networks ( Figure 4 ). Other evaluation metrics, including the maximum value of t map (Table 1) , suprathreshold voxels on different thresholds (Figures 5 and 6) , the overlap across different subjects (Figure 7) , and the intersubject component correlation (Figure 8 ), give similar conclusions.
Part II. Evaluation of functional information
We further analyzed the role of functional tensor information in registration using mLDDMM: (a) only GM PFCTs, (b) only WM PFCTs, and (c) GM 1 WM ts-PFCTs (our proposed method). Figure 9 shows the grouplevel t maps when different functional information is used for registration. Table 4 shows that the ts-PFCTs yield the best performance for all the four networks. Compared with GM PFCTs, our method improves the peak t values in four networks by 50.78%, 2.7%, 22.30%, and 10.77%, respectively. Compared with WM PFCTs, our proposed method yields improvements of 46.94%, 4.11%, 49.61%, and 5.11%, respectively. Using the same dataset as (Jiang et al., 2013) , our method increases the maximum value of t map from 17.9 to 23.07. Note that, unlike (Jiang et al., 2013) , our method does not use T1 MR image-based structural registration as an initialization for functional registration.
| Evaluation based on task-fMRI data Part I. Comparison with coventional registration methods
We detected significantly higher ALFF and ReHo values in some regions in the visual cortex, including the bilateral IOG (inferior middle occipital) gyrus and cuneus (BA19) (t test, p < .01, uncorrected) ( Figure 10 ). Table 5 shows that our method improves the peak t values and suprathreshold voxels of ALFF and ReHo over all the comparison methods.
Part II. Evaluation of functional information Figure 10 and Table 6 show the functional consistency results for different functional information used in registration. Table 6 shows our method (GM 1 WM ts-PFCTs) improves the peak t values and suprathreshold voxels of ALFF and ReHo over GM ts-PFCTs and WM ts-PFCTs.
| eMCI-NC classification Part I. Comparison with coventional registration methods
In Table 7 , we list the classification performance with respect to different registration methods. Although SEN and SPE are relatively lower than SPM_T1 and SPM_TPM, our method shows improvements in ACC and AUC. The ROC curves shown in Figure 11a indicate that our proposed framework outperforms all structural registration methods.
Part II. Evaluation of functional information
In Table 8 , we list the classification performance with respect to different functional information, again confirming that our method yields the best performance. The ROC curves shown in Figure 11b indicate that our proposed framework outperforms structural registration methods.
It is worth noting that GM PFCTs can also perform better in ACC and AUC than structural registration methods. In addition, the ROC curves shown in Figure 11b confirm that using both GM and WM functional connectivity in registration improves the classification outcome.
| D ISC USSION
| Structural versus functional registration
Using the ICA-based data-driven analysis method for rs-fMRI data, we examined the inter-subject functional consistency for rs-fMRI registration using functional and structural features. The results of multiple functional brain networks show that (a) functional registration yields higher functional consistency than structural registration and (b) functional regions are not necessarily confined by anatomical boundaries, consistent with the observations in previous studies (Cetin et al., 2015; Conroy et al., 2009 Conroy et al., , 2013 Jiang et al., 2013; Khullar et al., 2011; Langs et al., 2010; Sabuncu et al., 2010) . 
| GM versus whole-brain registration
The effectiveness of our method can be attributed to the utilization of whole-brain functional features for registration. Using only functional features from cortical GM may cause registration error in WM, which will in turn deteriorate GM. The experimental results indicate that using ts-PFCTs on the whole brain offers the best registration performance.
The computation of ts-PFCTs is key to the effectiveness of wholebrain functional registration. Since the spatial resolution of rs-fMRI is relatively low, voxels on WM-GM boundaries may also contain functional information across tissues. Separate consideration of the WM and GM is essential for teasing apart the influences of different tissue types on FC.
| Comparison with other functional registration approaches
The techniques developed in Conroy et al. (2009 Conroy et al. ( , 2013 align fMRI data based on similarity of functional connectivity along the cortical sheet. In Robinson et al. (2014) , functional alignment is integrated with anatomical alignment for cross-subject registration. Methods described in Langs et al. (2010) and Nenning et al. GM information, our method employs functional information not only on GM but also on WM.
| Biology or neurophysiology rationale of WM fMRI
The fMRI signal usually refers to the temporal variation of voxel inten- (Ding et al., 2013 (Ding et al., , 2016 . Importantly, we think that the FCT could be a suitable metric for characterizing the unique WM functional information, although the amplitude of local FC used in Jiang et al. (2013) is also informative. This is because the supportive micro blood vasculature and capillary vessels in WM may follow the main direction of the fiber bundles due to spatial constraint and thus form a highly structured local FC pattern, which can then be captured by FCT (Ding et al., 2013) . The FCT, compared with the amplitude of local FC, carries more information (i.e., shape and direction) than just the local FC strength. For example, the FCT can capture WM fiber bundle orientation information, as demonstrated by (Ding et al., 2013 (Ding et al., , 2016 . This is essentially important for functional registration because the underlying WM fibers link cortical functional areas together and could be used to detect functional borders (Thomas et al., 2014) . Abbreviations: ACC 5 accuracy; AUC 5 area under curve; SEN 5 sensitivity; SPE 5 specificity.
| C ONC LUSI ON
In this article, we have proposed a novel whole-brain functional registration method for rs-fMRI data. It is implemented via a multi-channel large deformation diffeomorphic metric mapping (mLDDMM) based on the tissue-specific patch-based functional correlation tensors (ts-PFCTs) extracted from both GM and WM tissues. We have conducted a comprehensive evaluation based on primary and cognitive networks. The results demonstrate that our method significantly increases intersubject consistency of functional regions after registration, compared with the registration using just the structural information or cortical functional features. The improved accuracy in functional registration given by our method will further improve statistical power in group-level analysis and sensitivity for individualized disease diagnosis.
